F Improving the Presumptive Disability
Decision-Making Process for Veterans

Committee on Evaluation of the Presumptive Disability
Decision-Making Process for Veterans, Jonathan M.
Samet and Catherine C. Bodurow, Editors

ISBN: 0-309-10731-8, 440 pages, 6 x 9, (2008)
This free PDF was downloaded from:
http://www.nap.edu/catalog/11908.html

IMPROVING THE

Visit the National Academies Press online, the authoritative source for all books from the
National Academy of Sciences, the National Academy of Engineering, the Institute of
Medicine, and the National Research Council:
e Download hundreds of free books in PDF
Read thousands of books online, free
Sign up to be notified when new books are published
Purchase printed books
Purchase PDFs
Explore with our innovative research tools

Thank you for downloading this free PDF. If you have comments, questions or just want
more information about the books published by the National Academies Press, you may
contact our customer service department toll-free at 888-624-8373, visit us online, or
send an email to comments@nap.edu.

This free book plus thousands more books are available at http://www.nap.edu.

Copyright © National Academy of Sciences. Permission is granted for this material to be
shared for noncommercial, educational purposes, provided that this notice appears on the
reproduced materials, the Web address of the online, full authoritative version is retained,
and copies are not altered. To disseminate otherwise or to republish requires written
permission from the National Academies Press.

THE NATIONAL ACADEMIES

Advisers to the Nation on Science, Engineering, and Medicine



http://www.nap.edu/
http://www.nas.edu/nas
http://www.nae.edu/
http://www.iom.edu/
http://www.iom.edu/
http://www.nationalacademies.org/nrc
http://www.nap.edu/
mailto:comments@nap.edu
http://www.nap.edu./

Improving the Presumptive Disability Decision-Making Process for Veterans
http://lwww.nap.edu/catalog/11908.html

Appendix J

Causation and Statistical Causal Methods

In this appendix we provide more detail about the meaning of general causal claims, and how
the qualitative aspects of causal claims can be precisely modeled. Substantial progress has been
made on this front in the last two decades (see Pearl, 2000; Spirtes et al., 2000).

INDIVIDUAL- VERSUS POPULATION-LEVEL CAUSAL CLAIMS

First, consider the difference between individual- and population-level causal claims. In legal
contexts, the goal is often to establish whether one particular event was the cause of another par-
ticular event. For example, if a child who lives near a chemical factory contracts a rare cancer, a
court might seek to establish whether or not a chemical spill adjacent to the child’s property was
the “cause” of his or her particular cancer. By saying that the chemical spill caused the disease,
we mean that the cancer would not have occurred had the spill not happened (“but for exposure”
in legal terms). This is an individual-level causal claim. For cases in which a particular veteran
seeks to service connect a particular disease or disability he or she has contracted after separation
from the service is, if causation is the standard, an instance of establishing an individual-level
causal claim.

In epidemiologic or scientific contexts, however, the goal is often to establish whether, in a
population of individuals, generic sorts of exposures result in a change in the frequency or aver-
age severity of a disease. For example, an epidemiologist might ask whether the frequency of
abnormal births among American women who were exposed to polychlorinated biphenyls
(PCBs) during pregnancy is higher than the frequency among those who were not. If so, then
epidemiologists might assert that exposure to PCBs during pregnancy is capable of causing birth
defects. The causal claim about the population does not entail that every fetus whose mother is
exposed to PCBs during pregnancy will develop birth defects, and it does not entail that every
birth defect would not have happened but for PCB exposure. On the population level, causal
claims typically involve how the probability distribution of the disease changes in response to
exposure. When either Congress or the Department of Veterans Affairs seeks to presumptively
service-connect a particular health condition or disability to a particular population of veterans,
establishing a population-level causal claim is required.

J-1
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CAUSATION AND COUNTERFACTUALS

Beginning in the 1970s, Rubin (1974) and many after him developed a formal theory of
causal inference based on counterfactuals, which play an essential role in both individual- and
population-level causal claims. On the individual level, for example, we might observe that a
particular person was exposed to a chemical and later contracted a disease. The question we
would like to answer is counterfactual: What would have happened had the same individual not
been exposed to the chemical? Likewise, for other individuals who were not exposed, we might
like to know what would have happened had they been exposed.

On the population level the questions are similar. We observe that a population of individu-
als, such as Gulf War veterans, were exposed to a variety of conditions and substances in their
tour of duty in the Mideast and then exhibited a certain frequency of illness years later. The
population question we would like to answer is counterfactual: What would the frequency of ill-
nesses have been had the same population not been exposed to the conditions and substances
they were exposed to in the Gulf War?

In Rubin’s framework, analyzing randomized clinical trials that involve assigning one group
to treatment and another to control is a counterfactual missing data problem. For all the people in
the treatment group, we are missing data on their response had they been assigned to the control
group, and symmetrically for the control group.

INTERVENTION

Underneath these counterfactuals, however, is a subtle but crucial assumption about Zow the
world should be imagined to have been different. Recall that “exposure to excessive radiation
caused Mary to get leukemia” means that “had Mary not been exposed to excessive radiation she
would not have gotten leukemia.” This makes sense if we envision a world identical to the one
Mary did experience, but change it minimally by intervening to prevent her from being exposed
to excessive radiation.

Consider a slightly different example, however. Suppose John smoked 30 roll-your-own
cigarettes a day from age 25 to 50, had intensely tar-stained fingers during this period, and got
lung cancer at the age of 51.

Sticking with common sense, we will assume that smoking caused John to have both tar-
stained fingers and lung cancer, but that having tar-stained fingers has no causal influence on
getting lung cancer (Figure J-1). By the counterfactual theory, the following ought then to be
true: “Had John not had tar-stained fingers, he would have gotten lung cancer anyway.” To
make sense of this counterfactual, we might envision a world in which John still smoked, but ei-
ther smoked packaged cigarettes that produced no finger stains or washed his hands with tar-

Smoked
Tar-stained Lung
fingers cancer

FIGURE J-1 Causal structure for smoking, tar-stained fingers, and lung cancer.

Copyright © National Academy of Sciences. All rights reserved.
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Smoked
Change > Tar-stained Lung
fingers cancer

FIGURE J-2 Hypothetical intervention on finger tar stains.

solvent soap every night. Some might object and say: “What I think of when I hear ‘Had John
not had tar-stained fingers’ is a situation in which he didn’t smoke—and in that case he wouldn 't
have gotten lung cancer!” Again, to make sense of the counterfactual: “Had John not had tar-
stained fingers, he would have gotten lung cancer anyway,” we must imagine a world in which
we directly change only whether John had tar-stained fingers and leave the rest of the story intact
(Figure J-2).

Further, in such a world our hypothetical intervention destroys any influence smoking might
have had on whether John had tar-stained fingers in the real world. If it didn’t, we could not
make sense of the hypothetical.

These points apply directly to the same population claims we used above to illustrate pre-
sumptive service connection. When we ask the question, “What would the frequency of illnesses
have been among Gulf War veterans had they not been exposed to the conditions and substances
they were exposed to in the Gulf War?”” we don’t mean to imagine a world in which these veter-
ans never signed up for the armed forces because they were medically unfit for duty. Instead, we
mean to imagine a world in which everything about them was the same, but they were prevented
from being exposed to the conditions and substances they were exposed to in the Gulf War. This
is the counterfactual that bears on presumptive service connection.

So a theory of causation must model hypothetical interventions that are tightly targeted, and,
most importantly, describe how the world would react to any sort of ideal, hypothetical interven-
tion or treatment we can imagine. Further, the theory ought to make the connection with statisti-
cal evidence clear. Over the last two decades, epidemiologists,' computer scientists,” philoso-
phers,’ and statisticians® have developed a theory of statistical causal inference that incorporates
the virtues of Rubin’s counterfactual account but also models interventions and provides a clear
connection to statistical evidence as it bears on causal claims. Below we present the briefest pos-
sible introduction to this theory. More detail is available in Robins (1986, 1988), Pearl (2000),
Spirtes et al. (2000), Dawid (2004), Cox and Wermuth (2004), and many other sources.

"'Sander Greenland, Jamie Robins, and others.

2 Judea Pearl, David Heckerman, Greg Cooper, and many others.

3 Peter Spirtes, Clark Glymour, Richard Scheines, Jim Woodward, Dan Hausmann, and many others.

“David Cox, Nanny Wermuth, Phil Dawid, Paul Rosenbaum, Thomas Richardson, Larry Wasserman, and many
others.
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CAUSAL STATISTICAL MODELS

The kind of causal theories and statistical evidence relevant to presumptive service-
connection decisions involve a population and a set of variables, or factors. A population denotes
a (potentially infinite) group of individuals, such as Vietnam War veterans, or American men
over the age of 60, or all possible offspring of a heterozygous and homozygous pea plant. A set
of variables describe properties of such individuals that might cause each other, such as exposed
to Agent Orange (yes, no), smoked (no, lightly, heavily), lung cancer (yes, no), yearly income (in
dollars), and so on.

The qualitative part of a causal theory, that is, which variables are causes of which other
variables and which are not, can be represented with a causal graph, that is, a diagram involving
arrows that connect the variables. See Neapolitan (2004), Pearl (2000), Spirtes et al. (2000), and
Glymour and Cooper (1999). For example, consider the causal graph in Figure J-3.

To be concrete, let us assume that this model is meant to apply to a population of 4-year-old
American children. Further, suppose the variables are the following:

e Exposure (yes, no)—Yes, if exposed to another child who was within 2 days of sympto-
matic chicken pox.

¢ Infection (yes, no)—Yes, if chicken pox virus was active in bloodstream.

e Rash (yes, no)—Yes, if rash appeared.

Then each arrow in the causal diagram depicts a claim about direct causation relative to this set
of variables and this population. In this case, the diagram claims that

e exposure is a direct cause of infection, and

e infection is a direct cause of rash, and

e that no other direct causal claims hold among these variables in this population, including
the claim that exposure is a direct cause of rash.

DEFINITION OF DIRECT CAUSATION

The presence of an arrow from one variable, such as exposure, to another, such as infection,
means that, holding all the other variables in the system fixed, changing the assignment of expo-
sure will result in some change in the probability of infection.” The absence of an arrow, for ex-
ample the absence of an arrow from exposure to rash, means that, holding the other variables (in-
fection) fixed, changing the assignment of exposure will not result in any change in the
probability of rash.

Exposure Infection |—| Rash

Y

FIGURE J-3 Chicken pox.

>More fully, X = Y just in case there exists any set of assignments for the variables besides X and Y such that
there exists some change of assignments for X such that the probability distribution for Y changes.

Copyright © National Academy of Sciences. All rights reserved.
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Notice the role of possibly counterfactual interventions. When we say “holding fixed,” or
“changing the assignment,” we are referring to hypothetical interventions in which we set or as-
sign the value of a variable.

The quantitative part of a causal theory involves specifying a probability model that accords
with the qualitative model. The full model with both graph and probability distribution is called a
Causal Bayes Network. See Pearl (2000), Spirtes et al. (2000), and Neopolitan (2004). For each
variable in the system, we express its probability distribution as a function of its direct causes.
That is, we specify the way in which each effect responds to any set of values its direct causes
might take on, and, since it is a population we are talking about, we need to express this response
probabilistically. For example, in the chicken pox case, we might give the whole causal model—
both its qualitative and quantitative parts—with a causal diagram and a table expressing the re-
sponse structure for each variable (Figure J-4).

Because exposure has no immediate causes in our model, the hypothetical quantitative table
just gives how probable it is for a 4-year-old American child to be exposed to another child who
is infected and within 2 days of exhibiting chicken pox symptoms. Note that the numbers in this
table are purely for illustration and do not reflect actual data. The probability of infection is
given as a function of its immediate causes—in this case exposure. It claims that if a child is ex-
posed to another child with chicken pox, then they have an 80 percent chance of becoming in-
fected themselves, but if they are not exposed to another child with chicken pox, they have just a
3 percent chance of becoming infected.

We compute the joint probability distribution over the variables V as the product of the con-
ditional probability of each variable on its direct causes:

P(V)= H P(V | direct causes of )

Vev

Having the joint distribution allows us to compute the probability of any variable conditional on
an observation for any other variable or set of variables. For example, in the chicken pox model,
we can compute the probability of exposure conditional on observing that a child is infected or
conditional on having a rash, or the probability of rash conditional on observing exposure, and
SO on.

Most importantly, these models allow us to explicitly represent hypothetical interventions.
The rule is simple: add an “intervention” variable to the system and draw an arrow to the vari-
ables targeted by the intervention. If the intervention determines the probability of its tar-
gets—for example, a randomizer that assigns subjects to treatment or control—erase the other
arrows that previously went into these targets, and change the quantitative model accordingly.

For example, suppose we wanted to model an intervention in which we assigned everyone in
our population of 4-year-old children to be infected with the chicken pox virus (by injection).
Then the resulting “intervened upon” system would be as shown in Figure J-5.

Computing the joint distribution after an intervention goes the same way as for preinterven-
tion systems, but the results will sometimes differ, and it is this difference that captures the
causal part of the model. For example, in the chicken pox model prior to our intervention (Figure
J-4), the probability of exposure given infection is higher than 0.1, as in P(Exposure = yes | In-
fection = yes) > 0.1, but in the intervened-upon version of the system (Figure J-5), P(Exposure =
yes | Infection set = yes) = 0.1 = P(Exposure). This is because the intervention on infection elimi-
nated the causal connection between exposure and infection, and thus changed their informa-
tional relationship as well.

Copyright © National Academy of Sciences. All rights reserved.
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Infection |—=| Rash

A 4

Qualitative Model Exposure

P(Exposure = yes) = 0.1

o P(Infection = yes | Exposure = yes) = 0.8
Quantitative Model P(Infection = yes | Exposure = no) = 0.03

P(Rash = yes | Infection = yes) = 0.2
P(Rash = yes | Infection =no) =0

FIGURE J-4 Hypothetical statistical causal model for chicken pox.

Intervention

.

Exposure [ %» Infection |—»| Rash

Qualitative Model

P(Exposure = yes) = 0.1

o P(Infection = yes | Intervention) = 1
Quantitative Model

P(Rash = yes | Infection = yes) = 0.2

P(Rash = yes | Infection = no) =0

FIGURE J-5 Hypothetical intervention in the chicken pox system.

As this point cannot be emphasized enough, and as it underlies the difference between asso-
ciation and causation, consider another case in which two models agree about things prior to an
intervention but differ about things after an intervention. Consider two distinct causal models of
the relationship between a child’s exposure to environmental lead and their cognitive function
measured by 1Q (Figure J-6).

Copyright © National Academy of Sciences. All rights reserved.
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Parental
Resources
Lead n Lead [—| 1Q
(M1) (M2)

FIGURE J-6 Two hypothetical models of lead exposure and cognitive function.

In model 1 (M1), lead and IQ are effects of a common cause, parental resources, but have
no influence on each other. We assume that parents with more resources will choose environ-
ments with less lead, and provide the stimulation necessary to increase their child’s measured 1Q.
In model 2 (M2), lead is a direct negative cause of 1Q. Supposing that the level of parental re-
sources remains unmeasured, it is easy to attach quantitative values for both models such that the
probability distributions over the measured variables lead and 1Q are identical. In that case,

P(IQ | Lead)m; = P(IQ | Lead)mz. That is, predictions about 1Q from observations of lead expo-
sure are implied to be identical in both models. Put another way, the association between lead
and IQ implied by M1 can just as well be implied by M2 and vice versa.

It is not possible, however, for the models to agree about the relationship affer a hypothetical
intervention that sets the value of lead exposure: P(I1Q | Leadsc: by intervention)m1 # P(IQ | Leadse; by
intervention)M2. Lhat is because a hypothetical intervention, or treatment, on lead, changes M1 in a
way that makes lead and IQ independent, but leaves the causal dependence of lead and IQ unper-
turbed in M2 (Figure J-7).

So M1 and M2 can agree completely on the population we observe, but differ on the sorts of
counterfactuals that underlie presumptive service connections. M2 supports counterfactuals of
the sort: “Had Jonathan not been exposed to lead, he wouldn’t have scored below average on the
IQ test,” but M1 does not. If M1 is true (and clearly that is a big if), then hypothetically changing
the amount of lead Jonathan was exposed to leaves his IQ the same, for in M1 it is not lead that

Intervention Parental Intervention
Resources l
B
(M1) (M2)

FIGURE J-7 Hypothetical postintervention models of lead and 1Q.

Copyright © National Academy of Sciences. All rights reserved.
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causes 1Q but parental resources. In all likelihood the “correct” model is a combination of M1
and M2: one in which any observed negative association between lead exposure and 1Q is due to
both a common cause and a direct causal influence.

Equipped with the correct causal model connecting military service (or a particular exposure
in service) for an identified group and a health outcome, both qualitatively and quantitatively, we
can compute the probability of this outcome in the counterfactual world in which the group was
not exposed to the conditions and substances of military service and compare this to the prob-
ability of the outcome that we actually observed. This computation, of course, depends crucially
on the model we consider “correct.”

For example, consider the three hypothetical causal models shown in Figure J-8. Suppose
that we didn’t know which of these models was an accurate representation of the world. Suppose
further that we collected a sample of 255 subjects, and for each recorded whether they had been
exposed to some substance (Exposure), whether they had the disease in question (Health Out-
come), and whether or not they showed evidence of some covariate, for example low income.
We show purely hypothetical data table in Table J-1. The analysis of this dataset under the three
models in Figure J-8 would yield three quite different estimates of the relative risk (RR) and any
of the other epidemiologic parameters derived from it, for example, the population attributable
risk (PAR). Under model M1, which asserts that Exposure causes Health Outcome and that the
relationship is not confounded, we would ignore the covariate and estimate the RR from the
crude odds ratio between exposure and disease, [(155/45) / (100/100)] = 3.44 (95% confidence
interval [CI] 2.23-5.31). Under model M2, on the other hand, which asserts that Exposure is not
a cause of Health Outcome at all, and that any observed association is due entirely to confound-
ing, we would ignore the apparent association in the data and conclude based solely on the model
that there was no causal association between exposure and disease (i.e., OR = 1.0). Finally, un-
der model M3, which asserts that Exposure causes Health Outcome but that the two are also con-
founded, we would have to adjust for the confounder and obtain the adjusted OR =3.03 (95% CI
1.93-4.73).

For these data, neither model M1 nor M2 fits the observed data very well, so we would need
very compelling prior knowledge to accept them over M3. If, however, we had no recorded data
on the covariate, then we could not distinguish between the three models.

TABLE J-1 Hypothetical Exposure and Health Outcome Data

Health Outcome =

Exposure Covariate No Disease Health Outcome = Disease
No No 60 19

Yes 40 26

Total 100 45
Yes No 40 39

Yes 60 116

Total 100 155

Copyright © National Academy of Sciences. All rights reserved.
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Confounder/Covariate
_
Exposure to » Health Health
Outcome
Substance u Exposure o Outcome
Substance
M1 M2

Confounder/Covariate M3
Exposure to R Health

Substance Qutcome

FIGURE J-8 Three hypothetical causal models connecting exposure/disease.

So given the correct causal model, and the knowledge that it is the right causal model, we can
compute the quantities we need to entertain questions about service connection and presumptive
service connection.
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